Increased loads of land-based pollutants are a major threat to coastal-marine ecosystems. Identifying the affected marine areas and the scale of influence on ecosystems is critical to assess the impacts of degraded water quality and to inform planning for catchment management and marine conservation. Studies using remotely-sensed data have contributed to our understanding of the occurrence and influence of river plumes, and to our ability to assess exposure of marine ecosystems to land-based pollutants. However, refinement of plume modeling techniques is required to improve risk assessments. We developed a novel, complementary, approach to model exposure of coastal-marine ecosystems to land-based pollutants. We used supervised classification of MODIS-Aqua true-color satellite imagery to map the extent of plumes and to qualitatively assess the dispersal of pollutants in plumes. We used the Great Barrier Reef (GBR), the world's largest coral reef system, to test our approach. We combined frequency of plume occurrence with spatially distributed loads (based on a cost-distance function) to create maps of exposure to suspended sediment and dissolved inorganic nitrogen. We then compared annual exposure maps (2007e2011) to assess inter-annual variability in the exposure of coral reefs and seagrass beds to these pollutants. We found this method useful to map plumes and qualitatively assess exposure to land-based pollutants. We observed inter-annual variation in exposure of ecosystems to pollutants in the GBR, stressing the need to incorporate a temporal component into plume exposure/risk models. Our study contributes to our understanding of plume spatialetemporal dynamics of the GBR and offers a method that can also be applied to monitor exposure of coastal-marine ecosystems to plumes and explore their ecological influences.
Introduction
Land-based pollution poses a major threat to marine ecosystems globally and is projected to increase with the expansion and intensification of agriculture, mining, and urbanization (Butchart et al., 2010; CBD, 2006; Halpern et al., 2008; MEA, 2005) . Increasing loads of land-based pollutants (e.g., nutrients, sediment, pesticides) associated with land use change are causing major ecological impacts, potentially interacting with other stressors (e.g., overfishing, increased ocean temperature, ocean acidification, sea level rise). Improving coastal-marine water quality is therefore a global priority (UNEP, 2012) . Nutrient runoff from intensive use of fertilizers in agriculture can cause severe eutrophication, toxic phytoplankton blooms, and hypoxia in coastal and marine ecosystems (Cloern, 1996; Diaz and Rosenberg, 2008; Gabric and Bell, 1993; Howarth, 2008) . Nutrient enrichment of coastal waters has also been related to increased risk of coral bleaching (Wooldridge, 2009 ) and outbreaks of the reef-destroying crown-ofthorns starfish (COTS) Fabricius et al., 2010) . Globally, land use change associated with agriculture, forestry, and urbanization have led to significant soil loss, resulting in increased sediment loads and turbidity of coastal waters (Croke and Hairsine, 2006; Thrush et al., 2004; Walling, 2006) , which in turn have been related to reduced coral recruitment (Hutchings et al., 2005) , increased seagrass mortality (Cabaco et al., 2008) , and declines in invertebrate densities (Reid et al., 2011) . Pesticides are a major concern, particularly for sites adjacent to coastal catchments with intensive agriculture or forestry plantations, and have been related to dieback in mangroves, as well as reduced photosynthesis and expulsion of the symbiotic algae (bleaching) from corals (Duke et al., 2005; Haynes et al., 2007; Hutchings et al., 2005) .
Dispersal of land-based pollutants has been traced to offshore waters, sometimes hundreds of kilometers distant from river mouths (Beman et al., 2005; Brodie et al., 2010; Devlin and Schaffelke, 2009) , highlighting the need to consider such threats in marine conservation planning. The ecological impacts of landbased pollutants vary with the magnitude and extent of river plumes e i.e., masses of turbid freshwater discharged by rivers and extending into the sea e, but also with the coastal-marine ecosystems being affected (Halpern et al., 2007 (Halpern et al., , 2008 , and the frequency and duration of river plumes (McKenzie and Unsworth, 2011) . Thus considering land-based threats is of utmost importance when planning for coastal-marine conservation and catchment management (Alvarez-Romero et al., 2011) . Ignoring the potential impacts of land-based threats can reduce the effectiveness of marine conservation areas (Stoms et al., 2005; Wilson et al., 2005) , especially when these threats are extensive Halpern et al., 2009 ). Furthermore, land-based pollution impacts not only marine biodiversity but also human livelihoods by compromising marine ecosystem services, such as food provisioning, recreation, and protection against coastal hazards (Lubchenco et al., 2003; Worm et al., 2006) .
Identifying marine areas and ecosystems affected by land-based impacts is crucial if management is to address those impacts, but current methods have limitations. Mapping river plumes e their extent and surface water characteristics e is key to understanding the flow of land-based pollutants into marine systems . Several approaches have been developed to map river plumes, but improvements are possible and desirable. A common approach has been visual delineation of plumes based on aerial photography and satellite imagery (Devlin and Schaffelke, 2009; Devlin et al., 2011; Evans et al., 2012) , but requires considerable experience, is time-consuming, and inevitably incurs human error. Advances have been made in automating the process of identifying plumes with ocean-color products derived from satellite images, for example to map the freshwater extent of plumes (Schroeder et al., 2012) and to monitor variations in surface water parameters . However, to date these methods are limited because estimated parameters (e.g., chlorophyll, suspended sediment) can be associated with processes other than river plumes, and they generally perform poorly under atmospheric and water conditions such as moderate cloud cover and sun glint and high turbidity characteristic of the initial phases of plumes. Hydrodynamic models have also been used, in combination with estimated pollutant loads discharged by rivers, to estimate the dispersal of pollutants and hence to assess exposure of marine ecosystems to pollutants (e.g., Cherubin et al., 2008) , but require significant expertise and computational resources and, in most cases, have not been validated against in situ data.
The purpose of our study was to develop a new method to assess exposure of coastal-marine ecosystems to land-based pollutants. Our approach, based on the automated classification of true-color satellite imagery, offers a way of mapping plumes under moderate cloud cover and with sun glint, as well as in highly turbid waters where the performance of other remote sensing methods is limited. More specifically, we aim to improve existing plume mapping and estimating exposure to river-borne pollutants in two ways: (1) by developing an automated method to map the extent of plumes, characterize surface plume waters, and qualitatively assess the dispersal of land-based pollutants; and (2) by assessing spatiale temporal variability in the exposure of marine ecosystems (coral reefs and seagrass beds) to plumes, necessary for estimating potential impacts. Our study contributes to understanding the spatialetemporal dynamics of plumes in the Great Barrier Reef (GBR), Australia, but describes a method that is widely applicable. We discuss the application of our method to monitor exposure of marine ecosystems to plumes and to study ecological responses to land-based pollutants.
Material and methods

Study region
Our study focuses on the GBR, the world's largest coral reef system, located in the Coral Sea, off the coast of Queensland in north-east Australia, and a World Heritage Site since 1981. The GBR is globally recognized for its outstanding ecological, cultural and socioeconomic values (GBRMPA, 2009 ) and since 1975 a large part of the reef is protected by the Great Barrier Reef Marine Park (GBRMP). While the rezoning of the GBRMP vastly increased the area under strict protection (i.e., no-take areas) from 4.5% to >33% (Fernandes et al., 2005) , threats originating from land-based activities and from global climate change are major concerns GBRMPA, 2009) . Since the arrival of Europeans in Australia, loads of suspended sediments delivered to the GBR have increased drastically following extensive land clearing for grazing, agriculture and coastal development (Joo et al., 2012; Kroon et al., 2012) . Similarly, fertilized cropping has significantly increased the loads of nutrients (particularly dissolved inorganic nitrogen and phosphorus), thus resulting in eutrophication of estuarine and marine environments Brodie, Kroon, et al., 2012) . Most of the pollutants are delivered during the wet season and in particular during peak-flow periods, when large plumes can be identified along the coast (Devlin and Brodie, 2005) , occasionally reaching offshore reefs (Devlin et al., 2012b; Schroeder et al., 2012) .
We focus our 5-year study (2007e2011) on four of the six Natural Resource Management regions (hereafter NRMs) of the GBR: Wet Tropics, Burdekin, Mackay-Whitsundays, and Fitzroy (Fig. 1) . The Cape York and Mary-Burnett NRMs were excluded because information on estimated annual loads was not available or incomplete. The four selected NRMs illustrate a range of land use and landscape characteristics (e.g., climate, soils, topography) that result in different patterns of delivery of pollutants by major rivers across the GBR Kroon et al., 2012) . Differences in flow are reflected in the spatial and temporal distribution and composition of river plumes observed along the GBR coast (Devlin et al., 2001 . Along this wide latitudinal range (10 41 0 20 00 Se 24 30 0 00 00 S) are also differences in the distribution of marine ecosystems (e.g., coral reefs in the north are closer to the coast), which means that some of these ecosystems are more likely to be affected by plumes. These characteristics make the GBR an ideal area to study plume dynamics across large areas and to illustrate the application of our plume exposure model for regional planning.
Modeling exposure to plumes
Our exposure model builds on previous models developed for the GBR (i.e., Devlin et al., 2012b; Maughan and Brodie, 2009 ), but includes several improvements. Similar to previous studies, our model combines information on pollutant loads with maps representing frequency of river plume occurrence to estimate exposure. However, we use a different approach to map plumes, characterize surface water characteristics, and estimate pollutant dispersal (described in the following sections).
We selected two pollutants for in-depth examination because of their known impacts on the GBR: total suspended sediment (TSS) and dissolved inorganic nitrogen (DIN) Fabricius, 2011) . Both TSS and DIN are commonly measured in water quality monitoring programs and have been used in existing GBR exposure models. Loads of these pollutants vary significantly between marine areas adjacent to NRMs in the GBR (Joo et al., 2012; Waterhouse et al., 2012 ). These pollutants also have different dispersal patterns and hence spatial patterns of exposure across the GBR (Devlin et al., 2001; Devlin and Brodie, 2005) . Similarly to previous studies, our analysis focused on the summer wet season (December to April inclusive), but unlike previous models limited to major flood events and low cloud-cover imagery (Devlin et al., 2012b; Maughan and Brodie, 2009 ), we used all available MODISAqua satellite images over the GBR (usually 2 images per day). Restricting the analysis to summer months minimized problems associated with sunlight reflection on the ocean surface (i.e., in summer, the solar zenith angle is smallest and albedo problem is limited). It also reduced the occurrence of "false" plume areas associated with wind-driven re-suspension of sediments during the strong trade winds typical of the dry season (Larcombe et al., 1995; Orpin et al., 1999) . Almost 2100 images were available for the study years (2007e2011). The main output of our model was a qualitative map indicative of annual exposure of any given area within the GBR to TSS and DIN. The model was constructed in five steps (Fig. 2) , each of which is described in the sections that follow. 2.2.1. Map the full extent of plumes and surface water/color classes Our first step was to identify (map) existing plumes, clouds and sun glint, in each of the w2100 satellite images. We mapped the different surface water masses observable within plumes (represented by six color classes), which were later used to represent dispersal of pollutants. We used ocean-color products (i.e., L2 parameters described below) to define and characterize the color classes, which describe a gradient in surface water quality parameters. We mapped river plumes with four analyses.
First, we created the satellite products necessary for subsequent analyses. We used raw data (Level-0, hereafter L0) from the Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua sensor (freely available from NASA's Ocean Color catalog: oceancolor.gsfc. nasa.gov/cgi/browse.pl) to derive two types of products: (i) quasitrue color (hereafter true-color) RGB-143 images, resampled to w400 m using band 1 of MODIS (645 nm) at 250 m resolution, band 4 (555 nm) and band 3 (469 nm) at 500 m resolution; and (ii) two ocean-color products (Level-2, hereafter L2 parameters): nLw 667 and adg 443 (Table 1) . We derived the two L2 parameters using NASA's SeaWiFS Data Analysis System (SeaDAS v6.2, Baith et al., 2001 ) after correcting for atmospheric contaminations. The correction involved the combined near infrared to short wave infrared atmospheric correction scheme adapted to both clear and turbid waters, commonly found in the nearshore regions of the GBR (Wang and Shi, 2007) . We used a modified script of the Marine Geospatial Ecology Tools (MGET, Roberts et al., 2010) to convert the swath-formatted L2 parameters into points, which we then used in ArcMap (ESRI, 2010) to explore the relationship between the L2 parameters and the mapped color classes (Supplementary material).
Second, we prepared the true-color images for plume mapping. We spectrally enhanced the true-color images using Image Analysis for ArcGIS (ERDAS, 2010) , which involved converting images from the Rede-GreeneBlue (RGB) to the Intensity-Hue-Saturation (IHS) color space. Images converted from RGB to IHS have been used to identify and track the movement of river plume fronts (Morichon et al., 2008) . The same true-color images were used to map clouds and sun glint, but these were not enhanced for this purpose. Using RGB instead of IHS images for clouds and sun glint was more conservative because larger areas are identified as clouds/sun glint, which are in turn masked out to minimize classification errors.
Third, we defined color classes corresponding to plume and non-plume areas, as well as to dense clouds and sun glint, and created a spectral signature for each class. We did this using an image with large plumes occurring along the whole GBR coast ( Fig. 1 ) to ensure that color variations within plumes along the 
Table 1
Selected L2 parameters derived from MODIS satellite imagery. The gradient in L2 parameters is considered to be indicative of variations in water quality within plumes (Devlin et al., 2012b) , and thus was used to identify the plume boundary and to represent the potential dispersal of pollutants.
L2 parameter
Description Application in plume mapping Algorithms nLw 667 Normalized water-leaving radiance at 667 nm Normalized water-leaving radiance at higher wavelengths (555 nm or 667 nm) is sensitive to suspended sediment in the water column and is correlated with plume location (Salisbury et al., 2004; Thomas and Weatherbee, 2006) . We use this parameter as a proxy for TSS and to approximate the dispersal of sediment within the plume.
Defined as upwelling radiance just above the sea surface, in the absence of an atmosphere, and with the sun directly overhead (Gordon and Wang, 1994) .
adg 443 Colored dissolved organic and detrital matter (CDOM þ D) absorption coefficient at 443 nm CDOM has been proposed as a proxy for salinity and thus been used to estimate the maximum extent of river plume influence (Schroeder et al., 2012) . We use it to estimate the dispersal of dissolved inorganic nitrogen assuming conservative mixing.
Derived using the quasi-analytical algorithm (QAA) model (Lee et al., 2002) , which estimates absorption due to gelbstof and detrital material at sensor wavelength of 443 nm.
latitudinal gradient were incorporated into the spectral signature. The selected image included large areas with no plumes, varied atmospheric conditions (light to dense clouds, haze and sun glint), and sections with no data (not covered by satellite swath). To create the spectral signatures, we used the ArcMap Spatial Analyst (ESRI, 2010) isodata clustering tool to perform an unsupervised classification of the selected image. Unsupervised classification tries to find structure in unlabeled data (in our case to identify color classes for plumes and non-plume areas) through an iterative optimization clustering procedure (Ball and Hall, 1965) . The resulting structure then allows characterization of the natural groupings of cells (i.e., pixels within an image) in multidimensional attribute space, i.e. IHS and RGB spaces for plumes and clouds/sun glint, respectively. We assessed plume maps produced using different number of classes based on two criteria: how well the mapped classes identified the river plume boundary (we assessed the classified images against visually interpreted true-color imagery); and whether the variation of selected L2 parameters among the color classes showed the expected gradient (as described by Devlin et al., 2012b ; see Section 3.1.1). For each classification we plotted the mean value of the two L2 parameters for each color class. Due to reflectance similarities between land and very turbid plumes occurring in the mouth of the rivers, we classified the full image, without masking out land. This allowed us to map very turbid/high TSS plume areas commonly found near river mouths, which are frequently flagged incorrectly as land or very dense clouds (e.g., Devlin et al., 2012b; Okada et al., 2003; Schroeder et al., 2012) . We selected the classification based on 6 color classes as the most appropriate for plume mapping. These classes represent a gradient in exposure to pollutants, from highest in class 1 to lowest in class 6, as explained below. Finally, we used supervised classification to map the full extent of plumes and to create a mask representing dense clouds and intense sun glint. Supervised classification uses labeled training data (i.e., the color classes defined in the previous step) to create a spectral signature for each class, which is then used to classify all of the input imagery (w2100 images) into color classes. We used the ArcMap Spatial Analyst maximum-likelihood classification tool (ESRI, 2010) to produce: (1) daily 6-class plume maps representing variations in L2 parameters (also used to identify the plume boundary) and (2) masks representing dense clouds and intense sun glint, used to eliminate areas with insufficient information to map plumes. We selected a number of images covering different years, regions and months to confirm the plume extent and overall congruence of our classified plume maps against plume maps produced using the method proposed by Devlin et al. (2012b) , and to visually validate the clouds/sun glint masks.
Calculate annual frequency of occurrence for plumes and color classes
In the second step of the process (Fig. 2) we used the mapped plumes to assess (on a cell-by-cell basis) how frequently they occurred, and to identify the most commonly observed color classes for each year. We created weekly composite images (using the daily 6-class plume maps) to minimize the amount of area without data per image due to masking of clouds and sun glint. We used the minimum color-class value of each cell/week to map the color class with the highest level of exposure to pollutants for each week (i.e., assuming the color classes represented a gradient in exposure to pollutants). We then overlaid weekly composites (i.e., presence/ absence and minimum class value) to calculate: annual frequency of occurrence of plumes (F), representing the proportion of weeks plumes were present in each cell during the wet season; and mean color class value across all weeks (M), which was used to create a grid (i.e., a raster map) representing potential dispersal of pollutants (Section 2.2.4).
Calculate the proportional contribution of rivers to the region-wide TSS and DIN loads
In our third step (Fig. 2) , we used estimated TSS and DIN loads (calculated from measurements close to river mouths) to calculate the percentage of TSS and DIN delivered by each river. We used annual loads from seven major rivers draining into the four selected NRMs to calculate their proportional contribution to the total pollutant load. End-of-system loads were estimated based on flow and water quality sampling in selected gauging stations (Joo et al., 2012) for five monitoring periods (2007e2011) for TSS and DIN (see Supplementary material: Table S1 ). The proportional contributions were calculated by dividing the TSS and DIN annual loads of each river by the summed load for all rivers.
Create annual grids of spatially distributed TSS and DIN loads for each river
In the fourth step, we created grids representing the annual average distribution of TSS and DIN delivered by the seven major rivers in the study region. We created grids for each river by multiplying their proportional contribution to the region-wide TSS and DIN loads (Section 2.2.3) with a cost-distance grid defining the maximum area of influence and the dispersal of pollutants in the sea (described below). We then summed the individual spatially distributed grids (one per river) to represent the full TSS and DIN load per cell; the overlap of two or more grids with values >0 defined cells influenced by multiple rivers.
We used ArcMap Spatial Analyst (ESRI, 2010) to create the annual cost-distance grids for each river based on three inputs: source locations (points representing river mouths), a maximum distance (measured from river mouths), and a "cost" grid (representing how easily the pollutants spread in the ocean). We calculated the maximum distance for each river based on the volume of the largest flood event of the year (which was assumed to produce the largest plume) and the estimated extents of studied river plumes. A review on the extent of the Burdekin plume indicates that the maximum northward distance reached by the plume from the river mouth is w500 km for extreme-very large discharge events (>12,000 GL) and w200 km for average (3000e7000 GL) events (Lewis et al., 2006) . We analyzed daily hydrographs for each river (Supplementary material) to identify flood events (defined as the sum of consecutive daily discharges exceeding the 95th percentile mean flow for a 10-year period: 2002e2011). Values over and under the 95th percentile marked the start and end of each flood event. The largest events were those with the largest summed flood volume.
We calculated the maximum distance for each river/year using a power function that approximates the relation between the known distance (D) and volume (V) of the largest discharges (i.e., D ¼ X 0.6 ) of the Burdekin River. We adjusted the distance when the observed extent (i.e., distance to the border of our mapped plumes) was larger than the distance predicted by this power function (see Supplementary material: Table S2 ). We calculated the cost surface (a grid defining the "cost" per unit distance or impedance to move planimetrically through each cell) independently for TSS and for DIN. We did this using the grid representing the annual average color-class value for each cell, calculated from the weekly composites of 6-class plume maps. For TSS, a second polynomial function best fitted the observed relation between the 6 color classes and nlw 667 (i.e., TSS proxy) and showed the expected gradient. For DIN we assumed conservative mixing (an approximation only) and thus used an inverse linear function that best fitted the relationship between color classes and adg 443 , a proxy for CDOM (CDOM has been used as proxy for salinity and thus to estimate area of riverine/plume influence; Schroeder et al., 2012) . We normalized both DIN and TSS cost surfaces (Fig. 3) . The coastline and islands were assigned with 'No Data' values, hence effectively acting as barriers in the calculation of the cost-distance surface and consequently influenced the modeled dispersal of pollutants.
Calculate exposure by combining the frequency and the spatially distributed DIN and TSS grids
In the fifth step of the analytical process, to create the final maps of exposure (E), we multiplied the annual frequency of plume occurrence grid (F) and the grid representing the sum of spatially distributed TSS and DIN loads for all rivers (P). We grouped exposure values in five categories of exposure (from very low to very high) to investigate spatial variation in exposure.
Spatial and temporal variability in exposure of marine ecosystems to plumes
Using the annual exposure maps, we quantified exposure to pollutants in two ways. First, we quantified the total area in each exposure class for TSS and DIN. Second, we calculated the area of coral reefs and seagrass beds affected by different exposure categories. We did this analysis for each year and plotted the variation in total area and affected areas of these ecosystems to analyze variation through time. We compared between years the total area and the affected area of the selected ecosystems under different exposure categories to understand inter-annual variability in exposure in relation to estimated loads. We also explored the relationship between the estimated maximum area covered by plumes and annual discharge.
Results
Modeling exposure
Plume mapping
Our supervised classification method delineated (through color classes) the water masses and plume boundaries that were visually recognizable in the true-color images (Fig. 4A) . The 6-class plumes showed the expected gradient in L2 parameters (Fig. 5) , and thus we considered the classes useful to qualitatively assess exposure to pollutants and to create exposure maps. Mapped plumes also provided enough detail to interpret the observed surface water masses. The first four color classes (Fig. 4B) included the more turbid plume zone close to the coastline, characterized by high TSS and lightlimiting conditions and very low salinity associated with the river mouth areas and the initial stages of plume formation. These four classes roughly match the primary water type (Fig. 4C) described by Devlin et al. (2012b) and define the zone where most suspended sediments are deposited. The fifth class represented plume areas with moderately elevated TSS with sufficient light and excess nutrients to support elevated phytoplankton growth, similar to the secondary water type of Devlin et al. (2012b) . The sixth color class included riverine influenced waters, generally characterized by lower values of colored dissolved organic and detrital matter (CDOM þ D) than in previous classes, but still above ambient non-plume values. This is similar to the tertiary water type of Devlin et al. (2012b) .
Our visual assessment of classified images indicated that using IHS images instead of RGB (not shown here) appreciably improved the correct delineation of the plume boundary and better discerned the very turbid brown water occurring near river mouths and the less turbid transition zones, as well as better resolving the different intensities or hues of green water found within plumes further away from the coast.
Frequency of occurrence of plume and color classes
Overlaying weekly composites of plumes, for each year, showed the total area influenced by plumes and their frequency, approximating annual exposure to plumes (Fig. 6A) . The mean color class value across all weeks (indicative of a gradient in L2 parameters; see Fig. 5 ) corresponds to the grid (Fig. 6B) used to represent dispersal of pollutants based on the functions described in Fig. 3 . Inter-annual variation in both frequency and mean color class grids was reflected in the observed variation in exposure described in Section 3.1.5.
Proportional contribution of rivers
The delivery of DIN and TSS varied considerably between rivers, and relative delivery of rivers varied strongly between wet seasons (Fig. 7) . Overall, the two major rivers of the Dry Tropics (Burdekin and Fitzroy) contributed considerably to the region-wide DIN (49e72%) and TSS (80e94%) loads across all five wet seasons. Conversely, the summed proportional contribution of the Wet Tropics' rivers (Barron, Johnstone, Tully and Herbert) was prominent for DIN (25e46%) but not for TSS (5e19%). Two rivers, the Herbert and the Tully, dominated the contribution of TSS and DIN loads in this NRM region. There was marked inter-annual variation in the proportional contributions of the two large Dry Tropics rivers (i.e., the average of the absolute deviations from the contribution of the Burdekin and Fitzroy rivers are 11% and 15% for DIN and 23% and 21% for TSS, respectively, while the average for all other rivers is only 2% and 1%). This indicates that areas under the influence of the two largest rivers are subject to more marked inter-annual delivery of pollutants, manifested in the patterns of exposure described below (Sections 3.1.4 and 3.1.5).
Spatially distributed pollutant loads
The TSS and DIN cost surfaces (Fig. 8A,B ) e used to represent differences in TSS and DIN dispersal and to create the grids of spatially distributed loads e showed the expected spatial pattern of pollutant movement (Devlin and Schaffelke, 2009) , and reflected the exposure patterns to these pollutants (Fig. 8) . Overall, we observed that the area estimated to be under major influence of DIN (identified as red to light green areas, Fig. 8C ) is notably larger than that under major influence of TSS (Fig. 8D) , which reflects the (1) has the lowest cost value, and the lowest exposure class (6) the highest. Fig. 4 . MODIS-Aqua image and mapped plumes for major rivers of the GBR, January 25th, 2011. A) MODIS true-color image; B) 6-class plume map indicative of gradients in L2 parameters used in this study to assess exposure, where red (class 1) represents the highest exposure and blue (class 6) the lowest; and C) plume map depicting the three water types: primary (P), secondary (S) and tertiary (T) using the classification algorithm of Devlin et al. (2012b) based on ocean color (L2) parameters. In B and C, black areas indicate nonplume areas or portions of the image that were automatically masked out in SeaDAS (only for the PST map) in the processing of ocean color parameters due to the presence of clouds or very turbid areas (resembling land).
expected rapid deposition of sediment in areas near river mouths .
Annual exposure of ecosystems to DIN and TSS
Coastal-marine ecosystems (coral reefs and seagrass beds) exhibited a range of exposures to DIN and TSS, reflecting the differences in the dispersal of pollutants and the locations of the ecosystems (Fig. 9) . The area under moderate to high exposure to DIN was larger than that for TSS across all studied wet seasons. Data for 2011, a wet season in which record discharges occurred, illustrated the degree of exposure that can be expected under extreme weather conditions (Devlin et al., 2012a) , also manifested in the very extensive plumes within GBR coastal and offshore waters during this wet season (Fig. 10) .
Also worth noting are the differences in exposure of different ecosystems to DIN and TSS in relation to the natural distribution of these ecosystems, as well as to the differences in the movements of pollutants. Overall, seagrass beds were commonly under higher exposure categories for both TSS and DIN, and most coral reefs were under low exposure categories, particularly for TSS (Fig. 9) .
Spatialetemporal variability in plume exposure
We found strong inter-annual variation in the areas exposed to the two modeled pollutants (Fig. 11) . Differences in exposure were related to the sources of pollutants, and thus were strongly influenced by the proportional contributions of the different rivers to annual region-wide loads. The area of coral reefs and seagrass beds potentially affected by TSS and DIN exposure also varied considerably between years, with maximum numbers of coral reefs affected in 2011 (Fig. 12) . TSS exposure was high in both 2008/9 and 2010/11. Overall, while the exposed areas were sometimes large, the areas influenced by high to very high exposure categories was a small component for both DIN and TSS, with the exception of DIN in 2011.
Discussion
Understanding the dynamics and potential impacts of landbased threats on coastal-marine ecosystems is a critical step toward minimizing these impacts. Our study made improvements to river plume exposure models in two ways: first, by developing an automated method to map the extent and qualitatively assess dispersal of land-based pollutants; and second, by assessing spatialetemporal variability in the exposure of marine ecosystems to plumes. Our work thus contributes to our understanding on the spatialetemporal dynamics of plumes in the Great Barrier Reef region and offers a method to improve plume exposure models developed for the GBR and elsewhere. The method is transferable to other regions, and can be scaled up or down to model regions of widely varying extents.
Manual mapping of plumes has been used to model exposure, but is very time consuming, requires significant experience, and is not very precise. In addition, methods based on L2 ocean-color products are affected by atmospheric and water conditions. Classification of true-color images allows more information to be retrieved from imagery (even under moderate cloud cover and sun glint conditions, or in very turbid areas). Our approach also automates the mapping of images, thus reducing processing time and human error associated with visual interpretation of plumes. Our exposure model further improves current methods by incorporating a simple way to integrate the dispersal of pollutants into river plume maps. In contrast, previous approaches applied a uniform value (representing the proportional contribution of an NRM to the region-wide loads) across for the whole NRM surface (Devlin et al., 2012b ). An additional advantage of our approach is that exposure to pollutants throughout the GBR can be linked to specific rivers. This information is critical because, used in combination with maps of pollutant sources, it can guide targeting of catchment management to benefit particular habitats and parts of the GBR ). Our method also allows the identification of areas likely influenced by multiple rivers, hence incorporating a measure of cumulative impact. Our approach to mapping plumes and modeling exposure also facilitates the processing of large numbers of images, thus permitting the assessment of spatiale temporal variability across large regions and long periods.
In the GBR, more accurate and consistent mapping of river plumes and derived exposure models could be important for monitoring land-based impacts and adjusting catchment management to minimize or mitigate those impacts. Land-based pollutants are recognized as major stressors on coastal-marine ecosystems in the region , in particular for vulnerable habitats such as coral reefs (Fabricius, 2011) and seagrass beds (McKenzie and Unsworth, 2011) . For instance, largescale mortality events associated with waters of low salinity and high temperature caused by flood conditions have been documented for the region's coral reefs (Berkelmans, 2009 ) and seagrass beds (McKenzie and Unsworth, 2011; Waycott et al., 2005) . Flood plumes can result in low light levels in seagrass beds and coral reefs. Reduced exposure to light can cause lethal and sub-lethal conditions for photosynthetic organisms such as seagrass and coral symbionts Cooper et al., 2008) . Other long-term ecological impacts can be seen in the proliferation of COTS in areas regularly influenced by anthropogenic nutrient loads Fabricius et al., 2010) . Recent seagrass mortality events associated with the 2011 wet season have also been related Fig. 5 . Variation in ocean color (L2) parameters across the six color classes identified using unsupervised classification. Graphs summarize data from 25 selected images that cover different regions of the GBR with plumes of different size and with an observable gradient in surface color classes, from very turbid brown (class 1) to mostly green water masses (class 5) and plume edge (class 6). Points are mean values for the two selected L2 parameters based on their recorded values within each color class for the 25 images. The left Y-axis corresponds to the normalized water-leaving radiance at 667 nm (nlw 667 ), an L2 parameter used as a proxy for TSS. The right Y-axis indicates the variation in the CDOM and detritus absorption coefficient at 443 nm (adg 443 ), a parameter used as a proxy for variation in dissolved pollutants (e.g., DIN). Mean value for class 1 (very high TSS) of adg 443 (proxy for DIN) was excluded because the performance of standard algorithms for CDOM þ D in highly turbid areas is low (Qin et al., 2007) . The observed gradients observed in this graph were the basis for the functions used to calculate the cost surfaces for TSS and DIN (Fig. 3) .
to increased mortality of dugongs and sea turtles in the GBR (McKenzie et al., 2010 , highlighting the importance of studying variation in exposure to pollutants through time and its relation to observed ecological responses. While our plume model was developed using the Great Barrier Reef as a case study, the approach is applicable to other regions, scales and pollutants. Although we expect that similar relationships between ocean parameters and plume characteristics can be found in other regions, calibration of functions used to model dispersal of pollutants is advisable. Changes in concentration, composition, size distribution, shape, and refractive index of suspended, organic and inorganic marine particles affect the backscattering and absorption properties of water (Binding et al., 2005; Bricaud et al., 1995) , and hence its intrinsic color. Information regarding loads was available for our study area through a long-term monitoring program (Carroll et al., 2012) , but this information may not be available for many regions. Under data-limited circumstances, catchment models (Source Catchments, eWater_CRC, 2010; e.g., SedNet, Wilkinson et al., 2004) could be used to estimate pollutant loads. The approach for modeling exposure to DIN can be used for other dissolved pollutants (e.g., dissolved inorganic phosphorus, pesticides), thus extending the potential application of our model. However, the complex interactions between different pollutants (e.g., flocculation: Bainbridge et al., 2012) and non-conservative mixing of some of these and other pollutants (i.e., their concentration gradient does not match that of salinity), such as particulate nutrients warrants further investigation to adjust these models as necessary. Fig. 7 . Proportional contribution of major rivers to region-wide pollutant loads in each of the five wet seasons covered by this study. A) Dissolved inorganic nitrogen (DIN) and B) Total suspended sediment (TSS). Rivers identified by green colors in the bars correspond to rivers in the Wet Tropics NRM (Fig. 1) . Some limitations are inherent in our plume modeling approach, some of which also apply to other ocean-color remote-sensing applications (e.g., classification algorithms based on L2 products). One aspect that requires careful consideration when applying the proposed model is the presence of other surface water masses that resemble plume waters (see Fig. 4B ,C, where color classes 5 and 6, and secondary/tertiary plumes are mapped in offshore reefs not associated with plumes). For example, periodic upwelling of nutrient-rich water that feeds colorful phytoplankton blooms can be confused with chlorophyll-rich plume waters (Beman et al., 2005) . Similarly, resuspension of terrigeneous fine sediments by currents, wind generated waves, and tides in the period after floods can resemble plumes (Fabricius, 2011; Orpin et al., 1999) . The latter situation can be observed in Shoalwater Bay, north of the Fitzroy River mouth, where very turbid areas occur in the absence of plumes, mostly associated with strong tidal currents (Kleypas, 1996) . Our model partially deals with these problems by focusing analysis on the wet season, masking out coral reefs and applying a cost-distance function. However, further refinement could improve the model, for example through time-series analysis to help discern between high productivity areas associated with seasonal oceanographic and atmospheric conditions, and analysis of imagery during the dry season to identify areas of high turbidity associated with wind driven and tidal resuspension. Furthermore, the model might not accurately map plumes in shallows and narrows where bottom influence and radiance reflected back from adjacent land can contaminate signals recorded by the satellite (Doxaran et al., 2009; Ohde and Siegel, 2001) .
Another related limitation is that we use some simplifying assumptions to make plume mapping tractable. We created annual maps of pollutant loads, even though pollutants are actually delivered in pulses (i.e., during flooding events), which vary considerably between rivers along the GBR coast (Devlin et al., 2001) . For instance, wet tropics' rivers such as the Johnstone or Tully present several major flood events, while dry tropics' rivers like the Burdekin or Fitzroy generally flood only once or twice during the wet season (see Supplementary material). Creating annual exposure maps can also obscure seasonal differences in the Fig. 9 . Maps of annual exposure of coral reefs and seagrass beds to DIN (A) and TSS (B) for the 2011 wet season. The progression in intensity of color indicates the degree of exposure to these pollutants. The distribution of seagrass beds in nearshore areas led to their higher exposure to both pollutants. Because of their proximity to the coast, coral reefs located within the Wet Tropics NRM are relatively more exposed to both pollutants comparison to coral reefs of the Mackay-Whitsunday and Fitzroy NRMs. Fig. 10 . Relationship between the modeled maximum plume extents and recorded discharges. Each point represents the summed total discharge and the estimated area exposed to plumes for the wet season of that year. The graph shows a clear relation between discharge and the area of influence, and identifies wet years (e.g., 2008 and 2011), which were also characterized by large loads of TSS and DIN, and hence large areas under higher exposure categories. dispersal pollutants because plume extent is mainly determined by water discharge and wind conditions during individual flood events (Devlin and Brodie, 2005) . However, we only had annual load data, and hence assume that an annual depiction of pollutants is a reasonable proxy for pollutant delivery onto sensitive ecosystems. A potential improvement is thus modeling exposure at finer temporal resolutions. If weekly or monthly discharge and load data are available (e.g., linked to a catchment model such as Source Catchments: Carroll et al., 2012) , our plume model can be adjusted to produce exposure models that represent variability of plume size and delivery of pollutants at shorter time-steps and hence represent seasonal exposure variability. However, this refinement can result in larger uncertainty in the estimated pollutant loads and be limited by availability of imagery due to cloud cover during flood events.
Our model focuses on surface exposure and is therefore limited in predicting the vertical extent of plumes or the mixing that is occurring in the water column. More work is needed to further understand how the pollutants carried in the flood plume become incorporated in the water near the seabed. Hydrodynamic models could be used to predict the dispersal and mixing of plumes and pollutants, but such models are not available in most regions, or if available, are not at resolutions conducive to plume modeling. Further investigations that can improve our model include: validation of our TSS/DIN proxies against in situ measurements, exploration of the effects of using an ad hoc RGB stretch when Fig. 7A) . B) Variation in exposure to TSS; in contrast to DIN, the largest area under high TSS exposure categories occurred during 2008 (in this case, largely driven by the Burdekin River: Fig. 7B ). In both graphs the horizontal bars correspond to the estimated loads of DIN (A) and TSS (B) for each wet season. Fig. 12 . Inter-annual variation in exposure of coral reefs and seagrass beds to DIN (A and C, respectively) and TSS (B and D, respectively) . The observed differences in exposure of ecosystems to TSS and DIN can be explained by their proximity to the coast, their location in relation to rivers contributing to pollutant loads, and the estimated dispersal of both pollutants. In both graphs the horizontal bars correspond to the estimated loads of DIN (A and C) and TSS (B and D) for each wet season.
producing true-color images, and adjustment of spectral signatures used in the supervised classification to account for potential seasonal and/or inter-annual variations.
Conclusions
Maps resulting from plume exposure models can be useful for a variety of applications, especially for monitoring of coastal-marine water quality and to prioritize catchment management for marine conservation planning. The model described here, in combination with methods based on ocean-color parameters (Devlin et al., 2012b; Schroeder et al., 2012) , has obvious applications for monitoring, because it could be a tool to periodically assess exposure of marine ecosystems to land-based pollutants. The outputs of our model are useful for marine conservation planning because understanding the dynamics and potential impacts of land-based threats is necessary to identify spatial alternatives that can minimize vulnerability and maximize conservation outcomes. These alternatives include avoiding imminent threats, where possible (e.g., by locating marine conservation areas away from areas strongly affected by land-based pollutants: Tallis et al., 2008) , targeting catchment areas to minimize the supply of pollutants and improve end-of-river water quality Devlin et al., 2012b) , and/or combining these strategies while assessing the trade-offs between them in different areas (Klein et al., 2010) . To explore these options, planners require models of land-based threats that, ideally, integrate information on: i) spatial distribution of pollutant sources; ii) loads of land-based pollutants discharged into the sea; iii) dispersal of these pollutants in the sea; and iv) potential ecological impacts of degraded water quality. Our model integrates the second and third elements, and can be linked to the first one through catchment modeling. Exploration of the correspondence of our exposure model to observed ecological changes (e.g., occurrence of COTS outbreaks, Fabricius et al., 2010 ; and declines in coral cover, Hughes et al., 2011; Sweatman et al., 2011) , is yet to be investigated. Until now, incorporation of land-based threats in conservation planning applications has been limited (Alvarez-Romero et al., 2011) , so studies aiming to integrate these all four types of information described above should be considered a priority.
